Regional climate models (RCMs) are widely used in regional assessment of climate change impacts. However, the reliability of individual models needs to be assessed before using their output for impact assessment. In this study, we evaluate the performance of RCMs from the Coordinated Regional Climate Downscaling Experiment program (CORDEX) to simulate minimum air temperature (TN), maximum air temperature (TX) and rainfall over Tanzania. Output from four RCMs driven by boundary conditions from three General Circulation Models (GCMs) and ERA-Interim data are evaluated against observed data from 22 weather stations. The evaluation is based on determining how well the RCMs reproduce climatological trends, interannual, and annual cycles of TN, TX and rainfall. Statistical measures of model performance that include the bias, root mean square error, correlation and trend analysis are used. It is found that RCMs capture the annual cycle of TN, TX and rainfall well, however underestimate and overestimate the amount of rainfall in March-April-May (MAM) and October-November-December (OND) seasons respectively. Most RCMs reproduce interannual variations of TN, TX and rainfall. The source of uncertainties can be analysed when the same RCM is driven by different GCMs and different RCMs driven by same GCM simulate TN, TX and rainfall differently. It is found that the biases and errors from the RCMs and driving GCMs contribute roughly equally. Overall, the evaluation finds reasonable (although variable) model skill in representing mean climate, interannual variability and temperature trends, suggesting the potential use of CORDEX RCMs in simulating TN, TX and rainfall over Tanzania.
Introduction
The most advanced tools currently available for simulating the response of the global climate system to increased atmospheric greenhouse gas concentrations are Global Climate Models (GCMs). They describe the relevant physical processes in the atmosphere, oceans, land and ice surfaces that make up the climate system. However, GCMs have relatively coarse space resolution and cannot represent the fine-scale detail that characterises the climate in many regions of the world, especially in regions with complex orography or heterogeneous land surface cover or coastlines. This can makes their climate simulations of limited use in impact studies of climate change on biodiversity, ecosystem services, agricultural systems, species distributions and other landscape and environment related matters (Villegas and Jarvis 2010 , Daniels et al. 2012 , Hassan et al. 2013 , Xiaoduo et al. 2012 . These types of impact and adaptation studies require data with much finer spatial resolution.
One widely applicable method for obtaining high resolution climate information that takes into account regional patterns and valuable local knowledge is to use regional climate models (RCMs). These are atmospheric models run on a limited geographical area using boundary conditions from GCMs (Danis et al. 2002 , Min et al. 2013 . Their finer spatial resolution allows simulation of local climate conditions in greater detail by incorporation of impacts of orography (mountains, coastlines, water bodies, vegetation) and land-use, and small scale dynamical and boundary layer processes.
In recent years, RCMs have been used extensively to provide climate simulations with high resolution (Xiaoduo et al. 2012 , Roux 2009 , Wilby and Fowler 2011 . These simulations, however, are subject to a number of uncertainties that come from boundary conditions, size of the integration domain, natural variability within the RCMs and RCM formulation (Min et al. 2013) . Meier et al. (2011) assessed the impact of boundary conditions from three global climate models (HadCM3, ECHAM4 and ECHAM5) on the Rossby Centre Atmosphere model version 3 (RCA3) RCM in simulating surface meteorological variables over the Baltic Sea. They found that RCA3 simulated annual mean precipitation and the mean seasonal cycle of precipitation much better when driven by ECHAM5 than ECHAM4. Further, they found that ECHAM4 and ECHAM5 driven simulations overestimated both the mean sea level pressure and sea level pressure gradient, while with HadCM3 driven simulations underestimated both of these features. Køltzow et al. (2011) examined the importance of surface forcing and the size of the integration domain for dynamical downscaling with the HIRHAM RCM in simulating the Norwegian climate for the period of and found that the RCM climate simulations were sensitive to surface forcing as well as the size of the integration domain. Endris et al (2014) evaluated the performance of CORDEX RCMs in simulating East African rainfall during the period of 1990-2008. They found the RCMs simulated rainfall better in one region but more poorly in another region over the same time period. More recently Shongwe et al. (2015) evaluated the performance of CORDEX regional climate model in simulating precipitation over southern Africa. They also found that the performance of the RCMs in simulating precipitation differed over different regions.
A prerequisite before using climate simulation data from the RCMs is evaluation through comparisons of model results with observations. This helps to assess the ability of the RCMs to simulate climate conditions at particular locations. This is important for assessment and the quantification of uncertainties in climate models simulations for use in climate change impact studies and policy decisions at different locations.
A large number of previous studies (e.g. Engelbrecht et al. 2009 , Endris et al. 2014 have provided detailed evaluations of the performance of RCMs in simulating southern, eastern and the horn of Africa rainfall and temperature climatology. In these studies, however, the RCMs simulations were evaluated against interpolated gridded data derived from meteorological station measurements. Another recent study is that of Endris et al. (2014) , which evaluated the performance of RCMs from CORDEX in simulating east Africa rainfall, where the model outputs were compared with gauge-based gridded observational datasets at 0.5° by 0.5° spatial resolution obtained from Global Precipitation Climatology Centre (GPCC), Climate Research Unit (CRU) and Global Precipitation Climatology Project (GPCP).
Although gridded data have shown to be useful for evaluation of RCMs performance, they have a number of potential inaccuracies and errors (Hofstra et al. 2009 ). These data use interpolation across space and time to combine weather station data into a balanced panel of observations on a fixed spatial scale or grid (Auffhammer et al. 2013 ). Their quality depends on the number of weather stations used in interpolation processes and the interpolation formula as different schemes produces different estimates, particularly for precipitation (Dell et al. 2014) . In developing countries with few weather stations, the quality of gridded data is questionable. For instance, Tanzania has very few weather stations (28-synoptic weather stations) which are sparsely distributed over complex topographical terrain. The use of gridded data to evaluate the performance of RCMs in simulating Tanzania climate may not provide realistic results. Christensen (2001) and Osborn and Hulme (1997) suggested the use of point measurements from weather stations to evaluate grid measurements of the climate model, especially in areas with sparse station networks and complex terrain.
The aim of this study is to evaluate the performance of RCMs from CORDEX in simulating present climate conditions over Tanzania, where actual station observations are used to evaluate the RCMs. This study is a crucial step in choosing reliable models that can be used in climate change impact studies at particular locations. The output from such models will be used in a future study as input into crop models for evaluation of climate change impacts on rain-fed crop production in both current and future climate in Tanzania. This is important since the economy of the country heavily depends on the agriculture sector, which contributes about half of gross production, 30% of export earnings, 65% of raw materials for domestic industries and employs about 80% of the labour force while facing challenges of climate change and variability. Previous studies in Tanzania (Mwandosya et al. 1998 , Agrawala et al. 2003 , Ernhart and Twena 2006 , IPCC 2007 , Enfors and Gordon, 2008 , Thornton et al. 2009 , Arndt et al. 2011 , Ahmed et al. 2011 , Müller et al. 2011 have evaluated the impact of climate change on rain-fed crop production using climate simulation derived directly from GCMs which are insufficient to detect the huge variations in agricultural output in different regions.
Data and methodology 2.1 Study area
The study area is Tanzania (Figure 1 ), which is located in east Africa between longitudes 29°E to 41°E and latitudes 1°S and 12°S. The country has an area of 945 000 km 2 of which 884 000 km 2 is land mass and 61 000 km 2 is lakes, rivers and seashore. Tanzania has complex topography that is very heterogeneous. The height of the topography ranges from sea level in the east to 1600 m in the west. In the northeastern highlands is the highest mountain in Africa: Mt Kilimanjaro with an altitude of 5895 m, while in the north is the largest lake in Africa: Lake Victoria. In the south are Lake Nyasa and the Ruvuma River, and in the west is the deepest lake in Africa: Lake Tanganyika. Much of the country lies above 1000 m altitude with many areas over central and northern regions above 1500 m.
Figure 1
Map of Tanzania showing the location of meteorological stations in unimodal and bimodal regions separated by the red line.
The climate over Tanzania is mainly controlled by the movement of the intertropical convergence zone (ITCZ). However, seasonal interactions within the ITCZ, perturbations in global climate circulation and changes in local circulation systems (which are influenced by complex topographical features) all contribute to high local climate variability. The seasonal rainfall is modulated by changes in the global sea surface temperatures (SSTs) especially over the equatorial Pacific and Indian oceans (Black et al. 2003 , Black 2005 , Anyah and Semazzi 2007 .
Tanzania is characterised by two rainfall seasons, namely March-April-May (MAM) and October-November-December (OND). These seasons are mainly driven by the migration of the ITCZ, which lags behind the overhead sun by 3-4 weeks over the region (Owiti and Zhu 2012). The ITCZ migrates towards southern regions of Tanzania in October-December, reaching southern parts of the country in January-February and reverses northwards in March, April and May (Timiza 2011) . Due to this movement, some areas experience single and double passages of the ITCZ (Owiti and Zhu 2012). Regions with a single passage are known as unimodal areas (see Figure 1 ) and include the southern, southwestern, central and western parts of the country which receive rainfall from October through to April or May (Timiza 2011) . Areas that experience a double passage are known as bimodal areas, and include north, northern coast, northeastern highlands, the Lake Victoria basin and the islands of Zanzibar (Unguja and Pemba). These regions receive two distinct rainfall seasons: the long rain season (known as Masika in Swahili) which starts in March and continues through May (MAM); and the short rainfall season (Vuli in Swahili) which starts in October and continues through December (OND) (Agrawala et al. 2003) .
As reported in Zorita and Tillya (2002) 
Data

Model data
The CORDEX program archives outputs from a set of RCM simulations over different regions in the world. The CORDEX domains for model integrations are found at http://wcrp-cordex.ipsl.jussieu.fr/images/pdf/cordex_regions.pdf. In this study datasets from CORDEX Africa are accessed from http://cordexesg.dmi.dk/esgf-web-fe/. The datasets are quality controlled and may be used according to the terms of use (http://wcrp-cordex.ipsl.jussieu.fr/). The spatial grid resolutions of all CORDEX Africa RCMs were set to longitude 0.44° and latitude 0.44° using a rotated pole system coordinate. These models operate over an equatorial domain with a quasi-uniform resolution of approximately 50 km by 50 km. For detailed description of CORDEX RCMs and their dynamics and physical parameterisation consult Nikulin et al. (2012). Table 1 lists the details of CORDEX-RCMs and the driving GCMs: CNRM-CERFACS-CNRM-CM5 (CNRM), ICHEC-EC-EARTH (ICHEC) and MPI-M-MPI-ESM-LR (MPI)
Output from CORDEX-RCMs driven by boundary conditions from the GCMs for the period 1971-2005 are used to assess the ability of the RCMs to simulate annual cycles of TN and TX and rainfall. The ERA-Interim driven simulations which are available for the period 1989-2008 are used to assess the ability of CORDEX RCMs to simulate interannual variability and trends in TN, TX and rainfall.
Observed data
Monthly mean TN, TX and rainfall for the period 1971-2005 from 22 weather stations are obtained from the Tanzania Meteorological Agency (TMA). Table 2 indicates the geographical information of weather stations managed by TMA with their long term annual statistical moments of observed TN, TX and rainfall.
Analysis method 3.1 Interpolation of gridded climate data from the RCMs
The RCMs simulate different climate variables such as TN, TX and rainfall at each grid point. The quality of their output can be evaluated against actual measurements from weather stations using several techniques. One of the methods is to interpolate gridded climate variables to the location of weather stations and compare the results with observed station data. There are different interpolation methods (Ly et al. 2013 ); the simplest is to calculate the arithmetic mean of climate variables from the nearest four grid points around the station. This method assigns equal weights from four grids in estimating climate variable at the station, and may not give realistic estimates of climate variables such as rainfall which have strong spatial variability.
Another interpolation method is the nearest neighbour method, which assumes that climate simulation at a given weather station is equal to that at the closest grid point. This method considers discrete values and does not consider spatial variation of climate variable between four grids surrounding the station (Hartkamp et al. 1999 ). Therefore, the use of nearest neighbour to interpolate climate variables with strong spatial variation such as rainfall could lead to erroneous results. Table 2 Geographic information of weather stations managed by TMA with the long term annual statistical moments of observed TN, TX and rainfall and their interannual standard deviations (SDV).
ID
The Inverse Distance Weighted Average interpolation method (IDWA) is the estimation method whereby a climate variable at a weather station is estimated by a linear combination of the simulated climate variable at the surrounding grid points (Hartkamp et al. 1999 , Ly et al. 2013 ). This method is defined mathematically as:
where, ̅ is the interpolated value at the required station, is data at grid point , is the distance from grid point to the station, is the total number of grid points surrounding the station (which is always 4) and is the weight of the distance from the grid point to station. The weighting of the grids is strictly a function of the distance from the station. This method was tested by Hartkamp et al. (1999) and yielded best results for interpolation of precipitation in comparison to other techniques.
In this study, IDWA is used to interpolate model gridded climate simulations to the location of weather stations. The distance from the grid point to the station is computed using the Haversine formula (Ingole and Nichat 2013) . This formula has been widely applied (e.g. Essayad 2011, Chopde and Nichat 2013) to compute the shortest distance between two points on the earth's surface. The Haversine formula is defined as:
where is the distance between two points on the earth's surface, is the earth's radius, is the longitude and is latitude.
Criteria for evaluating the performance of regional climate models (RCMs)
The ability of RCMs to simulate climate conditions at a particular location can be evaluated using a variety of techniques (Flato et al. 2013 ). However, no individual evaluation technique or performance measure is considered superior; rather, it is combined use of many techniques and measures that provides a comprehensive overview of model performance (Flato et al. 2013) . In this study, outputs from RCMs are evaluated against observations using some of the statistical measures recommended by the World Meteorological Organization (WMO) as reported in Gordon and Shaykewich (2000) . These statistics include bias, root mean square error and Pearson correlation coefficient given in Eqns 3, 4 and 5.
where and are the simulated and observed values respectively, while refers to the simulated and observed pairs and is the total number of such pairs. For rainfall analysis and for simple interpretation, normalised versions of Eqn 3 and 4, that is normalised bias (hereafter NBias) and normalized root mean square error (NRMSE) given in Eqn 6 and 7 respectively are also used.
(6)
The NBias is a percentage measure of whether RCMs overall underestimate or overestimate a particular climate variable. Positive NBias values indicate overestimation while negative values indicate underestimation by the climate model. On the other hand, the NRMSE is a measure of the absolute error of climate model in simulating certain climate variable. The smaller the NRMSE the better the model and vice versa. The Pearson correlation coefficient is a measure of strength of relationship between model simulations and observations and has the limits of 1 and -1. A Pearson correlation coefficient of 1 indicates a perfect positive correlation between model and observed data, while -1 indicates a perfect negative correlation between the two. In this study the Pearson correlation coefficient is calculated using Eqn 5 where observed average annual cycles over the full period from different stations are compared with the output from the RCMs (i.e. annual cycles of the 35 year averaged months).
The long term annual cycle of TN and TX for Tanzania, calculated as the arithmetic mean of all 22 weather stations, is compared with the outputs from the RCMs to determine how well the RCMs driven by GCMs capture the TN and TX seasonality. Moreover, the annual cycles of rainfall in bimodal and unimodal regions, calculated as the arithmetic mean of all 14 stations in the bimodal and 8 stations in the unimodal regions, are evaluated against output from RCMs driven by ERA-Interim data, which are available for the period 1989-2008 to assess how well the RCMs capture rainfall interannual variability these two distinct regions of Tanzania.
Mann-Kendall (MK) and Theil-SEN slope estimator methods are used to test the ability of the RCMs driven by ERA-Interim data to simulate trends and the magnitude of the trends in interannual series of TN and TX. All trends are computed at station level for the period 1989-2008. Mann-Kendall (MK) and Theil-SEN slope estimators are widely used for trends tests as well as estimation of magnitude of the trends in climatological time series. For detailed descriptions of mathematical formula and the applications of Mann-Kendall (MK) and Theil-SEN's slope estimator statistics the reader may consult Ahmad et al. (2015) .
Results
Spatial distribution of biases and root mean square error
The biases and root mean square error calculated using Eqns 3 and 4 are used to assess how well the RCMs can simulate long term TN and TX over different stations, while the normalised bias (NBias) and root mean square error (NRMSE) calculated using Eqns 6 and 7 are used to assess how well the RCMs can simulate long term rainfall over different stations. Figure 2 The uncertainties of RCMs in simulating TN that arises from the driving GCM can also be characterised from Figure 2 . This figure shows that CCLM4 driven by three GCMs (MPI, ICHEC and CNRM), simulate TN differently. CCLM4 simulate TN over northern, western, southwestern highlands, and coastal regions with warm biases in the range of zero to 2 °C and 2 to 4 °C when is driven by CNRM, and MPI. TN over Moshi and Ulanga (Ilonga) regions is underestimated in the range of -4 to -2 °C by CNRM, ICHEC and MPI driven simulations. The TN over Mbeya region is overestimated in the range of zero to 2 °C, and 2 to 4 °C when CCLM4 driven by ICHEC and CNRM or MPI respectively. These biases seem to be insensitive to the choice of the GCM. Generally, CCLM4 driven by all three GCMs simulate TN over most stations better compared to RACMO22T and HIRHAM5.
RCA4 shows small sensitivity to the driving GCM ( Figure 2 ). RCA4 driven by three GCMs (ICHEC, MPI and CNRM) underestimate TN over most regions. This model driven by all GCMs overestimates TN in the range of zero to 2 °C over southwestern highlands and coastal regions. RCA4 driven by all three GCMs (CNRM, ICHEC and MPI) simulate TN over western, northern, parts of northeastern highlands, central and southern regions with biases in the range of -2 °C to zero. In general RCA4 driven by three GCMs simulate TN over most stations better compared to other RCMs, particularly over the coastal region suggesting its potential use in simulating TN over most regions.
Analysis of the performance of RCMs in simulating TX at different stations is presented in Figure 3 . All RCMs underestimate TX over most regions. RACMO22T driven by ICHEC simulates TX over southwestern and parts of northeastern highlands with the biases in the range of -1 to 1°C. This model simulates TX over western, southern and eastern parts of Lake Victoria and Ilonga region with biases in the range -7 to -5 °C.
Figure 2
Bias of the RCMs (°C) in simulating minimum temperature at different stations in Tanzania.
Figure 3
Bias of the RCMs (°C) in simulating maximum temperature at different stations in Tanzania RACMO22T and HIRHAM5 both driven by ICHEC simulate TX differently over most stations. TX over central and parts of northeastern highland is underestimated in the range of -2 to -1 °C, and -4 to -2 °C by RAC-MO22T and HIRHAM5 respectively. The impact of driving GCMs on RCM to simulate TX can be characterised from Figure 3 . This figure shows that CCLM4 driven by three GCMs (MPI, ICHEC and CNRM) simulate TX differently over most stations. CCLM4 simulate TX over Mbeya and Arusha with biases in the range of -2 to -1 °C and -1 to -1 °C when driven by ICHEC and CNRM or MPI respectively. TX over the eastern side of Lake Victoria is underestimated in the range of -5 to -4 °C, -4 to -2 °C, and -2 to -1 °C when CCLM4 is driven by ICHEC, CNRM and IMP respectively. These biases seems to be insensitive to the choice of the GCM, thus CCLM4 driven by any of the three GCMs can be used to simulate TX over Mbeya and Arusha regions.
RCA4 driven by three GCMs (MPI, ICHEC and CNRM) simulates TX over most stations better than other models. RCA4 driven by CNRM simulates TX over southwestern highland, western, parts of northern, northeastern highlands and coastal regions with biases in the range of -1 to 1 °C. Generally the biases from all GCMs are not large suggesting that RCA4 driven by all three GCMs can be used to simulate TX over most regions in Tanzania. In general, the biases that arise from the RCMs and driving GCMs in simulating TN and TX are roughly equal in most stations. The RCMs simulate TN better than TX in most stations. TX is underestimated almost in all stations.
The performance of RCMs in simulating rainfall over different stations is presented in Figure 4 . This figure shows that RACMO22T and HIRHAM5 both driven by ICHEC simulate rainfall differently over most stations. RACMO22T overestimate rainfall over southern, southern coast and parts of central regions with biases in the range of 8 to 24%. HIRHAM5 also overestimates rainfall over the same regions with biases in the range of -3 to +45%. In general RACMO2T driven by ICHEC simulates rainfall over most stations in unimodal and bimodal region better than other models.
The RMSE of RCMs in simulating TN over different stations is presented in Figure 5 . This figure shows that RACMO22T driven by ICHEC simulates TN over Arusha, Mbeya, coastal and Musoma regions with an error in the range of 0 to 1 °C. Note that lower biases alone do not necessarily indicate the best model in simulating TN, TX and rainfall. One also needs to consider the RMSE: the best model may have smaller biases but should also have smaller RMSE. This is noticeable for instance with RCA4 driven by ICHEC simulating TN over Musoma and Mwanza regions with biases in the range of -2 °C to zero. This indicates that RCA4 driven by ICHEC simulates TN for Musoma and Mwanza with similar level of performance. However, results from the RMSE indicate that the model simulates TN over Musoma and Mwanza with an error in the range of zero to 1 °C and 1 to 2 °C respectively.
The NRMSE of RCM rainfall simulations over different stations is presented in Figure 7 . RACMO22T driven by ICHEC simulate rainfall over Southern, Northern and coastal regions with an error in the range of 31 to 46%. HIRHAM5 driven by ICHEC simulate rainfall over Southern coast, Songea, central and Bukoba regions with an error in the range of 0 to 54%. In general RACMO22T driven by ICHEC simulates rainfall over most stations better compared to other RCMs irrespective of the driving GCM.
Results from the Pearson's correlation coefficient for simulating annual cycles of TN, TX and rainfall are shown in Tables 3 and 4 . From these tables, simulated TN, TX and rainfall by all RCMs compared well with observed TN, TX and rainfall over most stations. Simulated TN and TX from RACMO22T driven by ICHEC are negatively correlated with observed TN and TX over Bukoba, Musoma, Mwanza, Kigoma and Mtwara. These stations are placed close to mountains and water bodies. This may affect the performance of the models due to inability to represent complex dynamics processes from interaction of water bodies and orographies, including issues such as stable boundary layer processes, given that TN from all stations close to water bodies are weakly and negatively correlated with simulated TN. In general the RCMs simulate TN better than TX over most stations. The simulated rainfall by the RCMs is positively correlated with observed rainfall. It is important to mention here that the RCMs simulate TN and TX better than rainfall in most stations. Simulated rainfall correlate better with observed rainfall in the unimodal region than in the bimodal region. Station  RACMO22T-CHEC  HIRHAM5-ICHEC  CCLM-MPI  CCLM-CNRM  CCLM-ICHEC  RCA4-MPI  RCA4-ICHEC  RCA4-CNRM   TN  TX  TN  TX  TN  TX  TN  TX  TN  TX  TN  TX  TN  TX  TN  TX Arusha 0.7 0.4 0.7 0.9 0.7 0.9 0.9 0.8 0.8 0.9 0.8 0.8 0.8 0.6 0.8 0.8 Bukoba -0.8 -0.5 -0.6 0.1 0.7 0.7 0.8 0.7 0.7 0.5 0.8 0.5 0.6 0.3 0.8 0.5 Dia 0.9 0.5 0.9 0.9 0.9 0.9 0.9 0.7 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.8 Morogoro 0.9 0.3 0.9 0.9 0.9 0.9 0.9 0.7 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.8 Musoma -0.3 -0.1 -0.5 0.3 0.8 0.6 0.9 0.8 0.8 0.5 0.8 0.6 0.7 0.3 0.8 0.6 Tanga 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9
Zanzibar 0.8 0.8 0.9 0.8 0.8 0.6 0.8 0.4 0.8 0.8 0.9 0.9 0.9 0.9 0.8 0.8 Same 0.9 0.4 0.9 0.9 0.9 0.9 0.9 0.7 0.9 0.9 0.9 0.9 0.8 0.8 0.9 0.8 Mwanza -0.5 0.6 -0.3 0.9 0.9 0.9 0.8 0.9 0.8 0.9 0.3 0.6 0.3 0.6 0.5 0.6 Moshi 0.9 0.4 0.9 0.9 0.9 0.9 0.9 0.8 0.9 0.9 0.8 0.9 0.8 0.7 0.8 0.8 Ilonga 0.9 0.4 0.9 0.9 0.9 0.9 0.9 0.8 0.9 0.9 0.9 0.9 0.9 0.8 0.9 0.8 Kibaha 0.9 0.1 0.9 0.9 0.9 0.9 0.9 0.6 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.8 Dodoma 0.8 0 0.9 0.9 0.9 0.9 0.9 0.8 0.9 0.8 0.9 0.7 0.9 0.4 0.9 0.5 Iringa 0.9 0.5 0.9 0.9 0.9 0.9 0.9 0.8 0.9 0.9 0.9 0.7 0.9 0.6 0.9 0.4 Kigoma -0.1 0.8 -0.2 0.9 0.9 -0.3 0.9 0.8 0.9 0.9 0.9 0.8 0.9 0.9 0.9 0.7 Mbeya 0.9 0.6 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.8 0.9 0.8 0.9 0.7 Mtwara 0.9 -0.2 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 Songea 0.9 0.5 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.8 0.9 0.9 0.9 0.8 0.9 0.8 Tabora 0.5 0.6 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.9 0.7 0.7 0.5 0.6 0.7 0.4 Average 0.6 0.4 0.6 0.8 0.9 0.8 0.9 0.8 0.9 0.8 0.8 0.8 0.8 0.7 0.8 0.7 Table 3 Pearson correlation coefficient between observed and simulated annual cycles of minimum and maximum temperature. Table 4 Pearson correlation coefficient between observed and simulated annual cycles of rainfall.
Annual cycle of rainfall and temperatures
The performance of RCMs in simulating the annual cycle of TN and TX for Tanzania as a whole is presented in Figure 8 . The performance of RCMs in simulating the annual cycle of rainfall over bimodal and unimodal regions of Tanzania is presented in Figure 9 . Before comparison the values of observed rainfall from the 14 stations in the bimodal area and the 8 stations in the unimodal are averaged to get a single time series of observed rainfall to compare with the RCMs output. Over the bimodal region (see Figure 9a ) the observed data exhibit two peaks of rainfall, a primary maximum is in April, a secondary one is in November and a low (minimum) in June, July and August. The RCMs systematically underestimate rainfall amount particularly in the MAM season and overestimate the rainfall amount in the OND season. In the unimodal region (see Figure 9b ) the length of the rainy season extends from September to May having its peak in the month of January. Further, the models, including the ensemble, average overestimate the rainfall amount from September to January. 
Interannual variability of TN, TX and rainfall
Outputs from CORDEX RCMs driven by ERA-Interim data are used to assess the ability of the RCMs to simulate interannual variations of TN, TX and rainfall. These data are available for the period of 1989-2008. The performance of the models in simulating interannual variability in TN and TX is presented in Figure 10a , b. This figure shows that all RCMs captured the pattern of interannual variability in TN and TX well. The magnitude of TN is overestimated by all RCMs. All RCMs including the ensemble average underestimate the magnitude of TX.
The performance of CORDEX RCMs in simulating interannual variability of rainfall is analysed by comparing simulated and observed interannual variations in rainfall in bimodal and unimodal regions (see Figure 11a , b). All RCMs except HIRHAM5 reproduce the interannual variability of rainfall in unimodal regions. Furthermore, all RCMs except RCA4 reproduce the interannual variability of rainfall in bimodal regions. It can be concluded that CORDEX RCMs driven by ERA-Interim data fairly capture the interannual variability of rainfall in unimodal and bimodal regions. 
Trends in observed and simulated temperatures and rainfall
The performance of the models requires further examination, particularly in their ability to reproduce trends in TN, TX and rainfall. However, the analysis of rainfall trends indicated decreasing trends that are non-statistically significant and therefore cannot be used to judge model performance.
The performance of the RCMs in simulating trends in TN and TX for Tanzania is presented in Table 5 . Observed data indicate increasing trends in TN and TX at the 95% significance level. All RCMs captured the increasing trends in TN and TX. All RCMs captured the statistically significant increasing trend in TN, although the trend in the models is only around a third to a half that in the observations. Therefore these results suggest the potential use of the CORDEX RCMs in simulating TN change over Tanzania. The RCMs ability to simulate trends and gradient at different weather stations in Tanzania is shown in the table. It is important to note that, contrary to the observations, the models generally indicate stronger increasing trends in TX than TN, except for one model (RCA4). Furthermore one model (HIRHAM5) indicates statistically increasing trend in TX which is nearly 3 times the observed rate. 
Regional climate model
Conclusions
In this study, four CORDEX regional climate models (RCMs) driven by three GCMs (MPI, ICHEC and CNRM) and ERA-Interim data are analysed for their ability to simulate historical or recent climate conditions of Tanzania. The analysis is based on determining how well the RCMs reproduce climatological trends, and interannual and annual cycles of TN, TX and rainfall. Statistical measures of model performance that include the bias, root mean square error, correlation and trend analysis are used. Results showed that all RCMs captured the annual cycle of TN, TX and rainfall, however, generally fail to reproduce the magnitude of rainfall in the March-April-May (MAM) and October-November-December (OND) seasons. Furthermore, most of the RCMs reasonably reproduce interannual variations and trends in TN and TX. Although RCA4 is slightly better than other RCMs in simulating TN and TX over different stations in Tanzania, all models show reasonably comparable errors. RACMO22T driven by ICHEC simulates rainfall over most stations better than other RCMs irrespective of the driving GCM.
The sources of the uncertainties for RCMs in simulating climate variables at different stations can be compared. These uncertainties come from both RCMs and the driving GCMs. RACMO22T and HIRHAM5 both driven by ICHEC GCM simulate TN, TX and rainfall with different level of performance over all stations, suggesting this difference is mainly due to RACMO22T and HIRHAM5 formulations. The uncertainties that arise from driving GCMs are analysed when the same RCM driven by different GCMs simulate TN, TX and rainfall differently over most stations. For example, CCLM4 driven by three GCMs (MPI, ICHEC and CNRM), simulate TN differently over most stations. In general, the biases and the RMSE arising from the RCMs and driving GCMs in simulating TN and TX are not too large in most stations. The RCMs simulate TN better than TX in most stations, with TX underestimated almost everywhere. Although simulated rainfall over unimodal compares with observed rainfall with high correlation coefficients, analysis from NBias and NRMSE indicate the models simulate rainfall better over bimodal regions than over unimodal region.
The results presented in this study are useful, first to climate modellers, since the results may help them to try to investigate why one model can well simulate one climate parameter and poorly simulate other climate parameters. The results may also be useful to studies that require weather variables at specific location, for example studies that evaluate the impact of climate change on the agriculture sector, or require specific location climate information. Therefore one can choose specific RCMs that well reproduce the climate of the location of interest.
